Abstract Many new assistive input systems developed to meet the needs of users with functional impairments fail to make it out of the research laboratory and into regular use by the intended end users. This paper examines some of the reasons for this failure and focuses particularly on whether the developers of such systems are using the correct metrics and approaches for evaluating the functional and social attributes of the input systems they are designing. This paper further focuses on the importance of benchmarking new assistive input systems against baseline measures of useful interaction rates that take allowance of factors such as input success/recognition rate, error rate, correction effort and input time. By addressing each of these measures, a more complete understanding of whether an input system is practically and functionally acceptable can be obtained, and design guidance for developers is provided.
Introduction
Much of the research into universal access, both past and present, has focused on the development of new and innovative assistive input device and interface design technologies for users with functional impairments. It is widely accepted that the traditional keyboard and mouse input arrangement does not serve those with a range of functional impairments well [1] . New technologies are being introduced that do not rely so heavily on the traditional mouse and keyboard set-up [e.g. 2] , but are still typically not being developed with users with functional impairments in mind.
A person with severe vision impairment will experience significant difficulties in using a mouse, not least because the feedback on the position of the cursor on the screen is invariably visual only. Similarly, users with motor impairments will typically experience comparable levels of difficulty, because of the challenges presented in generating the quality of limb and digit control usually required to position a mouse, click on its buttons or type on a keyboard [3] . Consequently, many researchers have taken the view that perhaps a new input device/user interface arrangement [e.g. 4] or a re-design of the device/interface [e.g. 5] may alleviate or remedy the difficulties faced by many such users. Tablets, for example, do not use keyboards or mice/pointers in the same way as, say, a laptop or desktop, but on-screen keyboards and direct touch interfaces still present major accessibility challenges to users with vision and motor impairments [6] , as well as older adults [7] .
However, while the motivation for developing new assistive input and interaction technologies is clear, the success of such devices has been mixed. It is still a common problem that many of the new technologies developed rarely progress beyond the research laboratory. Of those that do, many end up simply collecting dust on shelves, never really used to the extent anticipated by their developers [8] .
There are many reasons why individual assistive input technologies suffer this fate, although there are a few that are reliably useful indicators of the likely success or otherwise of such developments. Jakob Nielsen, for example, has identified that the success of a product depends on it meeting both practical/functional acceptability and social acceptability criteria [9] . He defines practical acceptability as including factors such as cost, reliability, utility/functionality and usability. Social acceptability considers factors such as brand identity and stigma, and research has been undertaken to explore how these factors can be investigated in a universal access context [10] .
There is a large body of work looking at usability theory and overall acceptability of products and systems. Of particular interest in the context of this paper is the challenge of establishing whether the practical acceptability offered by input systems has genuinely been met. While it is straightforward to obtain some measures of functional acceptability through even quite short user trials, developers typically look at only a subset of the interaction when evaluating their new systems. The challenge is to identify a more complete set of metrics that are practical to evaluate.
It is accepted that one of the principal reasons for the failure of the uptake of these new solutions is that their development has typically focused on the functional/technical issues, i.e. getting the solution to work, often to the detriment of the softer/social issues, i.e. does it meet the wants, needs and/or aspirations of the users [11] . Indeed, this can often be considered the ''irony'' of universal access research where researchers looking to develop improved interfaces can sometimes find themselves side-tracked into developing new hardware technologies first. This ''irony'' is not the fault of the researchers; it is an unintended consequence of how funding bodies typically structure their calls for proposals and measure the success, or otherwise, of their outcomes. Many funding bodies fund up to the point where a prototype has been developed, though then assume that a commercial partner will take over and push the product out into the marketplace. The funding bodies typically stop monitoring progress at that point. However, a research prototype is usually far from marketready, and significant further investment is often required to increase the technology readiness level. It is rare that funding streams are available to support that next phase of development. This problem is not new, as similar opinions have been aired almost 20 years ago in relation to the development of rehabilitation robotics [12] funded through EU TIDE projects.
For example, if there is a funding call for, say, ambient intelligent environments, that funding can be leveraged more successfully to investigate particular features of interaction for users with severe motor impairments under the guise of ensuring that the ambient intelligent environments are ''accessible for all'' than perhaps a direct funding proposal to look at the interface issues alone may be. The downside, though, is that the team then needs to dedicate time to the hardware development, which although not a problem directly, history has shown can tend to expand and end up dominating the research effort. The consequence of focusing on the technological development, if not managed appropriately, is that the user interface and user-centred design activities are often relegated to later in the development process, contrary to all the published literature and guidance. Hence, research that was intended to look at improving the interface often ends up failing to achieve the promised advances for the same age-old reasons-and the unfortunate ''irony'' of much universal access research and funding being focused on getting to the point where the core research becomes possible. Consequently, much of the data presented in this paper are derived from very traditional input configurations, such as the keyboard and mouse or gestures, where the technology is mature and stable enough to allow sufficiently detailed analysis of user interactions since research effort does not need to be focused as much on the development of the input technologies.
It is necessary to recognize that a failure to meet the practical acceptability criteria will also translate to a failure of the product or system to succeed in the real world. For assistive input systems, assuming that the project is correctly managed to avoid excessive focus on technological development issues, one of the major difficulties has been that the functional aspect of the development often only considers a narrow part of the interaction process as the metric of success. In many cases, this is usually input recognition rate [e.g. 13] . This paper explores a more complete approach to evaluating interaction and assessing whether an input system delivers a genuinely acceptable solution for users. Although the data presented are necessarily based on specific and somewhat mature input technologies, the general principles are transferrable to newer and emerging technologies.
Functional impairments and universal access
To begin considering methods of evaluating the effectiveness and acceptability of input systems for users with functional impairments, it is necessary to begin with a brief summary of the major categories of functional impairments and how they affect human-computer interaction.
There are several approaches to categorizing types of functional impairment that can be used by designers and developers of new input systems. One of the most straightforward was inspired by the work of Card, Moran and Newell on the Model Human Processor [14] . Effectively, they proposed a model of interaction that consists of three elements:
In this equation, x, y and z are integers and s p , s c and s m correspond to the times for single occurrences of the perceptual, cognitive and motor functions, respectively. It is possible to categorize impairments along these lines of functionality. Perceptual impairments are those that affect a user's ability to perceive the state of the world around them and are principally focused on the five senses. In the case of computer access, the human senses of most interest are vision and hearing [15] . Indeed, vision impairments have historically received arguably the lion's share of research effort and also have the most successful assistive technologies to facilitate better interaction, with products such as JAWS achieving strong market positions [16] . Blindness and low vision present challenges with most stages of human-computer interaction, from input actions, such as text entry and cursor control, to perceiving output, such as reading text on a screen or interpreting a figure or diagram.
Cognitive impairments are those that affect the user's ability to understand or respond to the state of the world around them. Such impairments can include memory loss or reduction, learning and communication difficulties and executive function limitations [17] . It is often argued that cognitive impairments are the most ''hidden'' ones, since their presence is often more difficult to identify and, once identified, to also diagnose. However, they are beginning to be researched more frequently [e.g. 18] than, say, 10 years ago. Typical solutions can include personalized diaries and reminders for medication and other reminders, assistive word processors for help with typing and dialogue structures, etc. More innovative solutions include emotion and affective state recognition to assist people with Asperger's and forms of autism [19] and also deep question and answer systems, such as IBM Watson [20] .
Finally, motor impairments can create difficulties with both text entry and cursor control in a typical computer interaction scenario [1] . Symptoms such as tremor, spasm, restricted range of motion and weakened muscles can make both gross and fine motor control a challenge [1] .
Text entry assistance typically focuses on making keyboards more accessible through physical assistance, for example adding key guards, or using ''soft'' on-screen keyboards or replacements, such as Dasher [21] . Onscreen, soft keyboards are usually activated by a dwell time function (in the case of a cursor control replacement system) or some form of binary switch/scanning combination [8] .
Cursor assistance can be in the form of adapted mouse replacement devices, such as tablets or specially designed mice/joysticks/trackballs [1] . One area of particular promise is that of haptic assistance, such as through the addition of ''gravity'' to on-screen targets [22] . Other approaches include adapting or altering the processing of the cursor input stream to make targets more ''sticky'' by slowing the cursor down over the targets or by fixing mouse button activation to the location of the button down event, not the button up one [23] . More radical solutions involve changing the input paradigm from the usual windows/icons approach to that of using gestures for the input [24] , for example.
As can be seen, there are many forms of functional impairments that can affect human-computer interaction adversely and present specific challenges to particular users. There are also many forms of potential assistance, each of which offers their own particular combination of strengths and weaknesses. As discussed earlier, not all of these assistive solutions are successful in the wild, so the question then becomes whether there are more effective methods for identifying or predicting whether a particular solution has a genuine chance of successful adoption by users in real-world circumstances.
As regards determining the social acceptability of a new technology or product, approaches such as focus groups and user evaluations would usually be used [25] . These methods are generally well understood and widely accepted. However, there is less of a consensus on methods of evaluating the practical acceptability of novel interaction technologies.
Defining ''acceptable'' interaction for universal access
Most research papers addressing the development of novel input systems or interaction paradigms usually focus on only one or two measures of success, principally the rate of successful completion of a specified task, such as clicking on a target or producing a particular gesture that is recognized correctly by the computer. While clearly a very important measure, focusing on this metric only can lead to an exaggerated view of the efficacy of the new input system/interface. There are other important factors to consider, such as the definition of usability used by ISO [26] :
• Efficiency, i.e. the time taken and effort expended to complete a task; • Effectiveness, i.e. the ability to complete the task;
• Satisfaction, i.e. user contentedness with the interaction.
Using these definitions, satisfaction is typically measured through user surveys, interviews, questionnaires, etc., after completing a series of tasks using the new technology [27] . Efficiency is usually calculated by looking at the task completion rates and times. In most cases of developing new input systems for users with functional impairments, recognition rate is the measure used most commonly. Task completion rates and the time to complete tasks are sometimes reported, though not often, and certainly not in all research papers.
Measuring effectiveness involves looking at error rates and effort expended to correct for any errors that occur as well as proportion of tasks completed [27] . However, while research papers addressing the development of assistive input systems that include some form of user evaluation with the prototype system usually include a summary of task completion times (i.e. a variant of the efficiency metric above) and task completion rates (i.e. a partial treatment of the effectiveness metric), it is less common to find an exploration of the frequency of errors. It is even less common to find an analysis of the impact of those errors, with some experimental designs not even recognizing the presence of errors.
Even in the comparatively rare instances where such analyses exist, it can be argued that the final piece of the jigsaw is still missing-i.e. a comparison with an accepted baseline measure. Fundamentally, even where the developers do such analysis, they often fail to reflect on whether the assistive input system that they have developed meets an acceptable level of interaction. It is all well and good to say that it takes x seconds to complete a task, with an error rate of y%; however, the real question is whether those task completion and error rates are acceptable to the intended end users [28] .
User satisfaction is also rarely considered explicitly in the development of new input systems for users with functional impairments. Some authors do use standardized measures of task load, such as the NASA TLX questionnaire [e.g. 29], though it is rare to see a discussion with the users about whether they prefer the new system to any other system they may have used. Where such questions are asked, the authors rarely control for the different levels of exposure between the systems, i.e. they do not typically seem to compensate for the fact that one system may be very familiar to the users, whereas the other, by definition since the research is about a novel input system, would be very new to them.
An approach to evaluating ''acceptable'' interaction
If a new input system is to be considered acceptable to the end user and also likely to be used ''in the wild,'' it needs to be a number of straightforward targets. For example, one obvious question to ask is:
• Does this new assistive input system equal or outperform the other systems available to the end users?
If the answer to this question is negative then that immediately casts doubt upon the likely successful adoption of the system being developed by users outside of the research laboratory. Fundamentally, if users can obtain better interaction rates using an existing, and most likely proven, assistive input system, then they are less likely to wish to switch to a new or different one. Even if the recognition rates appear to be good, for example 95 % or higher, if the existing input system used by the user offers, say, 98 % recognition, then there is little reason for the user to consider changing to the new system based on that metric. For users with more severe impairments, there may not be a suitable or practical input system readily available. However, in all but the most extreme cases, some form of input is usually possible through the use of simple binary, i.e. on/off, switches and a scanning on-screen keyboard. Consequently, it can be argued that the very minimum target for user acceptance of a new assistive input system is that it should at least outperform the scanning/binary switch input approach. Ideally, given the effort typically taken to learn and master a new input system, it should outperform any existing available system by some distance.
Even where the answer to the question above is positive, there are further questions to be asked, for example:
• Does this new assistive input system meet the full needs, wants and aspirations of the end users?
Where the first question focuses on the practical acceptability of the new input system, the second focuses on the social acceptability. Once the answers to these questions have been derived, it is possible to ask a third one, specifically:
• Is this new assistive input system good enough?
Answering a question of this type is not straightforward, as a quick read of any good book on usability makes clear. In the case of human-computer interaction, there are a few principal input metrics that need to be considered: text input, cursor input and overall interaction rate. A further metric also needs to be explored: cognitive load on the user.
Measuring text input
Text input has been studied in great depth [e.g. 30, 31] and is typically reported in terms of words per minute [e.g . 7] . It may also be reported as characters per minute, if that is a more meaningful metric, such as when typing rates are unusually slow or where a more detailed analysis is required [32] . However, defining a ''word'' is not straightforward. Many approaches simply assume that a word is 5 characters in length, with a following space implicitly (5 characters) or explicitly (5 ? 1 characters) associated with it. In many modern systems, the impact of word prediction systems needs to be considered. It is not clear how often users need to actually enter all 5 characters to make a word when a predictive system is also being used, thus raising a question over the calculations made using the 5 or 5 ? 1 assumptions.
There is a choice to be made over how to handle errors. Some researchers simply choose to ignore that errors may exist, e.g. by not supporting or allowing error correction in the design of the experiment. Others remove words with errors in them from the data analysis. Neither of these can be considered ideal solutions when looking at users with motor impairments where errors will most often carry a significant correction penalty, i.e. the amount of effort required to correct any errors will be non-trivial, and also where the frequency of errors can be expected to be significant.
Where errors are identified, they are typically reported through metrics that capture deviations from the expected minimum, error-free input, such as Mean String Distance (MSD) or Keystrokes per Character (KSPC) [33] :
where INF incorrect and not fixed character entries, IF incorrect but fixed, F fixing non-character entries (e.g. a backspace or other edit function); and, C correct character entries.
Other measures are possible [33] , though are not used as often as MSD and KSPC.
Measuring cursor input
The most common approach to measuring cursor input is to use a Fitts' Law type experiment. Fitts' Law has undergone a number of modifications since first proposed, and the Shannon formulation is one of most commonly used [e.g. 34]:
where a and b are constants and the Index of Difficulty (ID) is:
in which D is the distance travelled towards the target and W is the width of the target along the direction of travel. Although experiments have confirmed that Fitts' Law can be applied to users with motor impairments, there is again little explicit handling of errors. A more sophisticated set of cursor measures has been developed to look at the detail of the quality of cursor control [35] , and these measures have been applied successfully to examine the quality of cursor control for users with severe motor impairments [36] . Again, though, while these measures can tell a lot about what is happening to the cursor input, they do not necessarily help researchers and designers to determine whether the quality of the input is sufficiently good. There is a clear need for a baseline measure to compare against.
Measuring ''useful'' interaction rate
As can be seen from the discussion above, there are many ways of examining the details of human-computer interaction. However, while those methods may make good research tools, they do not typically answer the question raised earlier, specifically: is the input system good enough?
To answer this question succinctly, a simple metric needs to be considered, one that can help a developer or researcher know immediately if the new system is operating in the correct ballpark. A likely candidate for such a measure is the bit rate of useful information transfer between the user and the computer utilizing the assistive input system. Fitts proposed such a measure, throughput, calculated as:
where MT is the movement time described above and ID e is the effective index of difficulty:
based on the effective width, W e and the initial distance to the target, D. However, while this serves as a very useful and popular metric in most circumstances [e.g. 37], it arguably does not take into account the full impact of the presence of errors in typical interaction patterns for users with more severe functional impairments. A modified version of this measure is required. An example of how such a measure can be generated is illustrated by a gesture recognition system [38] . In that experiment, users were able to generate a range of possible gestures (the vocabulary). Rather than using a simple recognition rate, a scoring system was implemented where correctly recognized gestures were scored as ?1, nonrecognized gestures were scored as a 0 or null return and misrecognized gestures were scored as -1 to reflect that a corrective action would be needed to fix the error. The overall input samples gathered from each user were then normalized and scaled to a range of -100 to ?100 to remove any data collection issues, such as incomplete task or data sets.
That score was then combined with the vocabulary size and the time taken to produce and recognize each gesture into a single measure, the bit rate of useful information transfer between the user and the system: Bit rate ¼ log 2 ðVocabulary sizeÞ Â Score 100
Time taken ð8Þ
It can be seen from the formulation of Eq. (8) that a system scoring 0 or less will not generate any useful bit rate since the user will be permanently trying to correct incorrect inputs, which is intuitively correct. Figure 1 shows the scores obtained for single-mode gesture recognition from [38] , for 3 or 6 gestures made by the user's head. It is worth noting that the scores could be modified from the ?1, 0, -1 values used. While retaining ?1 makes sense for a successful input, it could be argued that a non-recognized input is not effort-neutral or time-neutral for the user, since both effort and time have been expended to no effect. Consequently, a score of -1 to reflect the wasted effort may be more appropriate. Similarly, a misrecognized input will most likely require a corrective action to either dismiss or undo the result of the incorrect input and an additional input action made to re-attempt the original desired input. Consequently, a score of -2 or -3 may be a more realistic reflection of the original input plus the corrective action plus the re-attempted input required.
Benchmarking the useful interaction rate
If the notion of the bit rate of useful information transfer is taken as the most appropriate measure for benchmarking the practical acceptability of an assistive input system, then it is further possible to establish a baseline to compare the bit rate against.
As discussed earlier, the most basic working input system for almost all users with severe motor impairments is the simple binary switch used in conjunction with a scanning on-screen keyboard. Each successful binary switch input will generate 1 bit of information by definition. It is known from the work on the Model Human Processor [14] that for an able-bodied user the typical response time to a stimulus is &250 ms, where the perceptual response time where f(t) is the mean time for the scanning input to land on the option to be selected. In the limiting case, and without the ability to predict ahead, the fastest scanning speed possible is anticipated to be 250 ms per target. If standard able-bodied performance parameters are used in Eq. (9), the mean idealized time per bit of useful information using such a scanning keyboard is approximately 100 ms ? 140 ms ? 70 ms ? 70 ms ? 250 ms = 630 -ms (from Eq. 9), giving a useful information transfer bandwidth of (1/0.63) = 1.59 bits/s. The values used above were derived for able-bodied users. The comparable values for motor impaired users have also been determined empirically [39] and are shown in Table 1 .
As can be seen from Table 1 210 or 310 ms, depending on the severity of the user's impairment, with increased severity leading to increased motor response times. From these values, it can be seen that a baseline idealized interaction time for the binary switch/scanning input is approximately 100 ms ? 220 ms ? 110 ms ? 110|210|310 ms ? f(t). Note that f(t) may have to be varied to allow for the range of reaction times, i.e. 320, 420 or 520 ms depending on the severity of the impairment and thus also the associated motor function time.
Consequently, using these assumptions, the best-case interaction rate for a user with a motor impairment is (1/ 0.86) = 1.16 bits/s (based on s m = 110 ms). For users with severe motor impairments, that rate decreases to (1/ 1.05) = 0.95 bits/s.
For comparison, Table 2 shows the bit rates obtained from the gesture input system reported in [30] .
It can be seen from these calculations that the binary switch and scanning input outperforms the gesture input system where the bit rates seen ranged from 0.56 to 0.77 bits/s for the different types of input modes, combinations and vocabulary sizes used. As a recommendation, an interaction rate of 1 bit/s is suggested as the lowest baseline comparison. Any input system that fails to meet this target will struggle to claim acceptable performance.
Measuring the effects of cognitive loading
Looking at Table 2 , it can be seen that the single-mode gestures had higher useful interaction bit rates than either Duplicate Mode or Different Mode. The Duplicate Mode was designed to improve the amount of useful data generated by facilitating the user to generate the same data at the same time on two channels, i.e. by the head and by the hand. The theory was that if one channel was not recognized, the second channel would provide the information necessary for the interaction to proceed. Consequently, the amount of useful information generated per unit time should have increased. The Different Mode was also designed to achieve an increase in the amount of useful interaction data generated by increasing the vocabulary size sixfold, from 6 gestures to 36 combined gestures, thus making every recognized pair of gestures (one on the head and one on the hand) convey more information per input.
However, both Duplicate and Different Modes produced lower useful interaction bit rates than the two Single Modes, despite being more data/information rich. The reason for this discrepancy was the increased cognitive load on the users. Observations of the users showed that while they were often perfectly happy to make the gestures in Single Mode, presenting more than one gesture at a time caused them significant difficulties. Those difficulties could even result in the users freezing completely as they were unable to translate the instructions into physical movements. Even trying to re-separate out the linked gestures into two separate gestures did not fully overcome this effect. So, for example, while the users were often content to make a Left gesture with their head, asking them to make a Left with both their head and hand at the same time caused difficulties. Some users, typically the less severely impaired, were able to try this; however, some simply could not. In the latter case, the instructions were changed to be one gesture, e.g. head Left, and then the second one, hand Left, sequentially. The physical load was no more than two single-mode inputs, though the users were still not able to reach the rates of useful information transfer that they achieved under the pure single-mode entry. Consequently, it would appear that even just linking the notion of two separate gestures together adversely affects the interaction compared with presenting the same input as two wholly independent gestures.
A possible insight into what is happening is offered by the Model Human Processor study. As seen in Table 1 , the motor function time for the users with motor impairments varied quite widely from that predicted by theory and from the values obtained for able-bodied users. Looking at the individual task times from one user, Fig. 2 shows that the data are not spread uniformly in a normal-type distribution. Instead, the times for the button down and button up actions are a series of discrete peaks, rather than a typical bell curve. Single Mode used only gesture from a single part of the body, either the user's hand or head and had a vocabulary of 6 gestures (left, right, up, down, yes, no). Duplicated Mode required the user to produce the same gesture with both their head and their hand, either concurrently or sequentially (e.g. first on the head and then on the hand) and had the same vocabulary of gestures. Different Mode required the user to produce Gesture 1 with their head and Gesture 2 with their hand. This mode increased the possible vocabulary size from 6 to 6*6 gestures, but also increased the cognitive and physical load on the user Univ Access Inf Soc (2017) 16:713-723 719
One possible interpretation of Fig. 2 is that the assumption that an activity such as repeated key pressing is a purely automatic action and thus only has motor response time components, s m , present is incorrect. The peaks are distributed approximately multiples of cognitive cycle times, s c , apart. If this interpretation is correct, it means that users with severe impairments find it very difficult to achieve the fully automatic movements that much HCI theory expects. It also means that there is an elevated level of baseline cognitive load on the users from their motor impairments. A further step in the logic would then suggest that if a simple up-down action places cognitive demands on the users, a more complex action would place an even more elevated level of cognitive demand on the user. At this stage, it is difficult to know if this would be a linear increase in demand or a geometric or exponential increase. What is clear, though, is that the Duplicate and Different Modes in the gesture input system had reached a tipping point in cognitive load for some of the users. This is an area that needs further research. However, for the purposes of evaluating the acceptability of a new input system, designers and developers need to consider the cognitive loads placed on the users. Since this is difficult to measure absolutely, a comparative approach is the best option. It is suggested that the input system be evaluated with minimal and increased cognitive load on the user. One option might be to distract the user with another task, such as reciting a poem or recalling a list of instructions.
The same conditions should be evaluated with the benchmark input system. The reduction in user performance under the increased cognitive load condition, if any, for the new input system needs to be no worse than any reduction seen for the benchmark system under the same cognitive load.
Coping with user variability
It is a common circumstance in most research in universal access that population sizes from any user evaluation sessions are likely to be quite small. Furthermore, user variability is also likely to be quite high. Apart from the expected between-users variability, individual users themselves can exhibit notable changes in their capability over time and may, for example, require medical treatment in the course of an extended set of user evaluation sessions. They may become fatigued easily and sometimes cannot complete trials or experimental conditions. Only users who are already used to interacting with computers may be suitable if time is restricted. Consequently, it is usually necessary for experimenters to run any trials on a long-term basis, develop a working relationship with the users and to keep experimental conditions as constant as possible. Repeated measures designs should generally be employed. Obviously, these practical difficulties can give rise to missing data problems resulting from incomplete conditions, causing the loss of levels and factors from designs, and making the systematic varying of conditions in empirical studies difficult. In addition, the increased range and skewed variability resulting from the range of functional impairments can lead to increased noise and violation of the standard assumptions of statistical tests.
Any attempt at empirical evaluation must be sufficiently robust to cope with both of these factors, which would otherwise limit the usefulness and applicability of detailed statistical analyses. Again, one of the strongest recommendations that can be made here is to allow the users as much time as possible using the system to be evaluated to at least limit the effects of the process of learning [14] .
Where statistical tests are possible without violation of standard assumptions, such as normality of distribution or homogeneity of variance, they should be carried out. However, the statistical power of these experiments may be highly variable because of the reasons outlined and the small sample size. Despite the inherent variability, though, effect sizes can often be large [e.g. 39]. For this reason, some statistical results that may not be significant at this level can be analysed in terms of statistical power (1 -b: the probability of rejecting a false null hypothesis) and estimates of effect size given [40] .
A suggested set of metrics
It is difficult to suggest a comprehensive universal methodology for assessing the likely acceptability of a new input system. However, it is certainly possible to suggest best practice guidance. 
Time (ms) Frequency of occurence (%)
Buttondown Buttonup Fig. 2 Motor response time for a user with a severe motor impairment showing button down and button up times for a repeated button press activity, specifically pressing and releasing a button 20 times as quickly as possible. The predicted time is c. 100 ms, but distinct peaks can be seen at 100, 200, 300 and 400 ms In terms of using Table 3 to determine whether a new input system is likely to be considered acceptable, it is suggested that the interaction rate, calculated as in Sect. 3.4 above, is a good indicator of whether a system has the potential to be successful. If error rates are considered to be a major factor, then a modified interaction rate using a modified ''score'' to reflect the full impact of the errors, of the type shown in Eq. (8), should be used. This modified bit rate can be thought of as the ''useful'' interaction bit rate, i.e. the bit rate that is actually moving the interaction forward towards its completion. The useful interaction rate generated by the new input system should be benchmarked against any competitor system. In the case where the users are not able to use competitor systems, for example where they have very severe motor impairments, the very lowest interaction rate that should be considered acceptable is 1 bit/s, i.e. the rate achieved by a binary switch and scanning input system.
For the social acceptability, again benchmarking is key. Social acceptability is typically established through questionnaires, surveys and interviews where researchers try to establish user preferences, likes and dislikes [e.g. 41] . For a new system to prove successful, it needs to at least match or ideally outperform its competitors by scoring more highly on the user preferences. However, it can be difficult to dislodge a long established and dominant input system from a user's preference. There is an in-built tendency within users to prefer that which is familiar [e.g. 42] . This tendency appears to be especially true for skills that require substantial periods and efforts to learn. In the case of a user with a functional impairment, it is reasonable to assume that the acquisition of skills to master any input system could have been significant and the desire to learn and/or adapt to a new system is correspondingly decreased.
For example, consider alternative input actions on a touch screen, where the entire interface is built around the notion of the user simply tapping on the icon or button they wish to select and/or activate. It is unrealistic, though, to expect the users to unlearn that dominant form of interaction with a touch screen in favour of an innovative approach, such as lift-off (where it is the point where the finger leaves the screen that is activated, not where it first touches) or circling the target, within a 30 to 60 min user trial session. Consequently, the perceived social acceptability of the new system, as measured through the usual approaches such as Likert scales [43] , may not be as high as might otherwise be expected as users could still prefer their existing input technologies that may have been previously learned at great effort. The only solution to this issue is likely to be significantly extended periods of use with the new system, to allow users to acquire comparable familiar and competence to their more usual input system. In other words, it may be necessary to evaluate social acceptability once the full learning process of the new technology is complete and not too early in the evaluation process. Research, for example, in Japan has shown a positive correlation to user acceptance of new technologies and frequency/duration of use for older adults [44] .
Otherwise, the new technology is potentially being unfairly penalized because of the in-built preference towards the familiar rather than the new. Only technologies that offer something profoundly improved or new can overcome this bias on a shortened timescale and such technological leaps in input technology are rare (for example, the Microsoft Kinect system does away for the need for the user to hold an input device). However, research has shown that even with such radical advancements, users still often prefer more traditional input methods [e.g. 45] . In what ways was it worse?
Which would choose to use? Why?
What would you change about the new system?
Overall acceptability
Is the input system ''good enough''?
Are there positive outcomes for practical and social acceptability?
Are those positive outcomes truly representative of genuine use or are they only for specific experimental conditions?
a Effects of cognitive and physical loading-in other words, does user performance vary with the system when the user is subject to different cognitive and physical load conditions, e.g. does asking them to remember something or to undertake a concurrent activity while performing the task affect their performance more than might usually be expected?
Hence, to gain more truly representative estimates of both social and practical acceptability, it is strongly recommended that users are given time to fully adjust to any new input system. This can either be accomplished by giving them access to the new input system prior to the user trial session or by holding multiple sessions over a number of days. Figure 1 shows the improvement in performance over repeated trials than can usually be expected and follows the type of improvement predicted by the Power Law of Practice [14] . Most research papers in universal access seem to typically report results from one-off user trial sessions.
Conclusions
To improve the success of assistive input systems outside of the research laboratory, it is necessary for researchers and developers to take a more sophisticated view of how well the systems that they are developing genuinely meet the needs of the users. While methods for assessing the social acceptability of such systems are widely understood, although not necessarily undertaken, there is much more variability over the approaches to measure the practical acceptability of such systems. This paper has discussed the notion of other measures, such as the bit rate of useful information transfer, as more sophisticated metrics than the recognition rate typically reported in many papers on universal access. It has also introduced a method for establishing a straightforward baseline for such a measure to be compared with.
Overall, the use of such more complete metrics, such as those listed in Table 3 , would help designers and researchers understand the likely success or otherwise of a new assistive input system more clearly than the metrics that currently prevail.
